The proliferation of mobile devices especially smart phones brings remarkable opportunities for both industry and academia. In particular, the massive data generated from users' usage logs provide the possibilities for stakeholders to know better about consumer behaviors with the aid of data mining. In this paper, we examine the consumer behaviors across multiple platforms based on a largescale mobile Internet dataset from a major telecom operator, which covers 9.8 million users from two regions among which 1.4 million users have visited e-commerce platforms within one week of our study. We make several interesting observations and examine users' cultural differences from different regions. Our analysis shows among the multiple e-commerce platforms available, most mobile users are loyal to their favorable sites; people (60%) tend to make quick decisions to buy something online, which usually takes less than half an hour. Furthermore, we find that people in residential areas are much easier to perform purchases than in business districts and purchases take place during non-work time. Meanwhile, people with medium socioeconomic status like browsing and purchasing on e-commerce platforms, while people with high and low socioeconomic status are much easier to conduct purchases online. We also show the predictability of cross-platform shopping * 1. behaviors with extensive experiments on the basis of our observed data. Our discoveries could be a good guide for e-commerce future strategy making.
INTRODUCTION
With the development of smart phones and mobile applications, people are spending more and more time on mobile devices. According to a recent survey, nearly 75 percent of US adults will use a smartphone in 2017. On average people spend 3 hours and 15 minutes per day on a mobile device 1 . In November 2016, the mobile Internet usage even surpassed desktop usage for the first time 2 . The proliferation of mobile usage has already shaped our lives (e.g., conquered our wallets) and dramatically changed the business models for numerous enterprises. A study shows that the majority of online shopping sales in the UK are now conducted through smartphones and tablets, instead of traditional computers or laptops 3 .
The popularity of mobile devices and the massive data generated from mobile usage offers the research community unprecedented opportunities to study mobile user behavior patterns, which were previously difficult to explore due to a lack of sufficient data. A better understanding of user behavior and underlying usage patterns can allow a mobile service provider to define effective marketing strategies for attracting more users and maintaining current users, eventually increasing its profit. An example is the story of beer and diapers 4 which suggests an innovative marketing strategy when analyzing supermarket consumer behavior data. For individual users, a better understanding of their own temporal behavior patterns can help them better plan their own household budgets and make better use of the provider's marketing strategies.
With the emergence and ever increasing number of online shopping platforms, users have more possibilities to do their shopping online. They may move across different online platforms to search for their ideal products with considering complex factors, such as nice price, good service or sales. However, due to the limitations of lack of data, previous work has mainly focused on user behavior analysis of single e-commerce platforms [31] . It is still unclear whether people will move across different shopping platforms and even why and how the users jump from one platform to the next.
In addition, users' profiles such as their culture, social and ethical and as well as the functional regions they belong to would also influence their behaviors [26] . Researchers pay more attention to users profiling [2, 7, 11, 13, 31] and apply them in many areas, such as personalization and recommender systems [1, 15, 19, 25] . Whether and how users' profile (e.g., app usage behaviors), their functional zones and socioeconomic status would influence their shopping decisions will also provide useful insights.
Thanks to the e-commerce big data associated with smart phones, it is now possible to correlate a single user's shopping behavior across multiple platforms and with large-scale mobile usage logs, we are able to access all the platforms that users have visited although it also brings us challenges during accessing and processing the data. For instance, the size of compressed mobile Internet data usage records including active online shopping activities for 10 million mobile phone users during one week could easily exceed 40 TB, which were used in the scenario of this paper.
In this paper, employing a large mobile communication data from a major telecom provider in two populous regions in China over a period of one week as the basis in our study, we systematically investigate the problem of cross-platform and cross-region consumer shopping behaviors. We first try to answer the following 6 questions:
(1) how spatiotemporal factors influence users' shopping behaviors; (2) how users' shopping behaviors vary in different functional zones; (3) whether users' profile (e.g., app usage behaviors) and socioeconomic status would influence their shopping decisions;
3 http://www.telegraph.co.uk/news/shopping-and-consumer-news/12172230/ Are-mobiles-changing-how-we-shop.html 4 https://www.theregister.co.uk/2006/08/15/beer_diapers/ (4) how do people make their shopping decisions; (5) whether users exhibit signs of loyalty to certain shopping platforms; (6) whether users' cross-platform shopping behaviors are predictable. We made several interesting observations. For example, among the multiple e-commerce platforms available, most mobile users are loyal to their favorable sites; people (60%) tend to make quick decisions to buy something online, which usually takes less than half an hour. People in residential areas are much easier to perform purchases and they prefer to purchasing during non-work time. Furthermore, people with medium socioeconomic status like browsing and purchasing on e-commerce platforms, while people with high and low socioeconomic status are much easier to conduct purchases online.
Based on the observations, we further examine the predictability of cross-platform shopping behaviors. We build a framework with four types of features: temporal feature, loyalty feature, profiling feature and demographic feature. The prediction results show that consumers' cross-platform shopping behaviors are predictable and our prediction performance is as high as 94% in terms of both F1 and accuracy.
The rest of this paper is organized as follows. Section 2 introduces the dataset used in our study. Section 3 examines how spatiotemporal factors influence users' shopping behaviors. Section 4 determines whether users' shopping behaviors vary in different functional zones. Section 5 shows whether users' profile would influence their shopping decisions. Section 6 explores users' shopping decision making behaviors. Section 7 studies users' loyalty across different shopping platforms. Section 8 presents our prediction framework and prediction results and Section 9 gives related works. Section 10 concludes.
DATASET
Data Collection. The dataset is drawn from a log of anonymized browsing records of mobile usage in cellular environments provided by one of the three major mobile telecom operators in China. It contains the mobile usage data for over 9,700,000 users from two populous regions over a period of roughly one week each: one is Shanghai, the most populous metropolitan in the world (and also the commercial and financial center of mainland China), between April 20 and April 26, 2016 and the other is Shandong province, the second most populous province of China, with only 45% of per capita disposable income of Shanghai 5 , between August 6 and August 14, 2016. Each of these records contains the anonymized ID of the mobile device and the start time for each action, as well as browsing records. Part of these records contain geo-location information in the forms of longitude and latitude where the action was performed. Data Pre-processing. The collected data is heterogeneous and noisy. In order to study consumer behavior using these vast mobile browsing records, we need to begin by cleaning the data.
We analyzed the 5 most popular Chinese B2C e-commerce platforms, which are Taobao (taobao.com), JD (jd.com), Suning (suning.com), Dangdang (dangdang.com) and Vip (vip.com). We focused ) show the browsing and purchasing ratios in two regions respectively, with the X-axis being the hour in a day, and Y-axis being browsing or purchasing ratios where the ratio means the percentage of purchases within one hour to the total number browses within a day.
(c) and (d) show the browsing and purchasing ratios on diverse platforms, with X-axis unit being diverse platforms and Y-axis being browsing or purchasing ratios. Notify that in order to make the figure more readable, in (c) we make the Y-axis as loд10 (actual browsing ratios*10000).
on all users who browsed or purchased on these platforms, and extracted all browsing and purchasing records. Due to the multiple interaction rounds of web service requests and response queries on various platforms, a single browsing or purchasing action needed to be identified from many redundant interaction records. To make it simple, we only counted each page visit once. After eliminating redundant records, we obtained 386,379 unique browsing and purchasing records. The detailed data statistics is shown in Table 1 .
HOW SPATIOTEMPORAL FACTORS INFLUENCE USERS' SHOPPING BEHAVIORS?
In this part, we will examine how spatiotemporal factors (e.g., time, regions and platforms) influence users' shopping behaviors, i.e., product browsing or purchasing. Influence of Time. People usually have different time schedules on weekdays and weekends in different regions. Fig. 1 (a) and (b) show users' browsing and purchasing behaviors separately in Shanghai and Shandong during different time periods. From Fig. 1(a) , we can see that people tend to have the similar browsing behaviors on both weekdays and weekends. For example, people in both Shandong and Shanghai are willing to browse shopping websites during the morning coffee break (i.e., around 10:00). In addition, people prefer to browse shopping pages during working hours (8:00 -17:00). In terms of purchasing behavior, people are more willing to pay for their orders around 11am, which is right after the time most people spend browsing. What's more, people prefer to place their orders on weekends versus weekdays according to Fig. 1(b) .
Influence of Platforms. We focus primarily on the 5 most popular Chinese B2C e-commerce platforms. Here we will examine users' shopping behaviors over each platform separately. Fig. 1 (c) and (d) show users' browsing and purchasing behaviors on each platform.
From Fig. 1 (c), we can see that Taobao and JD are the most popular platforms, which are the two largest and most comprehensive online shopping platforms in China, making up 74.0% of the browsing records and 93.9% of the purchases from our dataset. Interestingly, we find that people are more willing to purchase on Taobao and Vip, as shown in Fig. 1(d) . Influence of Regions. From Fig. 1(a) , we can see that people in different regions tend to have similar browsing behaviors. However, they react quite differently when making purchases. From Fig. 1(b) , we can see that users from Shanghai are more likely to carry out online shopping purchases than people in Shandong. This might be due to that people from less developed regions are more concerned about spending their hard earned money. Furthermore, Shanghai consumers tend to carry out purchases late at night or in the early morning hours, versus consumers in Shandong, which might be a reflection of Shanghai's socio-economic situation, as the business and financial center of China.
HOW USERS' SHOPPING BEHAVIORS VARY IN FUNCTIONAL ZONES?
The modern civilization and urbanization fosters functional zones in a city [30] and people behave differently in various zones. In this section, we examine whether users' shopping behaviors vary in functional zones.
In this paper, we divide a city into four types of functional zones: business districts, residential areas, leisure areas and others. Since we only have users' geo-locations, we determine these functional zones according to the Point of Interest (POI) associated with these locations 6 . POI labels associated with each functional zones are shown in Table 2 .
We now check users' shopping behaviors in each type of functional zones. From Figure 2 , we can see that people in business districts perform the highest number of browsing and purchasing activities. However, people in residential areas are mostly like to make purchase decisions. This is partly because in business districts, people are more likely to visit e-commerce platforms in cellular environments, thus having more browsing and purchasing records. Yet, it is easier for people to make purchase decisions in residential areas. Users' Shopping Behavior in Work Time vs. Off Work Time. In addition, we check users' shopping behaviors in each functional zone in different time slots. We divide a day into work time and off work according to their working state (i.e., 9 am -6 pm is for work time and the others for off work time.). From Figure 3 , we can see that people in business districts tend to have more browsing and purchasing activities in work time while people in residential areas tend to have more purchases in off work time, which is quite coincident with our intuition. Users' Shopping Behaviors vs. Socioeconomic Status. In this part, we examine whether users' socioeconomic status will influence their shopping behaviors. "Socioeconomic status is the social standing or class of an individual or group. It is often measured as a combination of education, income and occupation." [28] . However, due to privacy reasons, it is difficult to map the education, income and occupation information of an individual to the online shopping data. Hence, we use the housing price 7 associated with a user's residential address (geo-location) to approximate the user's socioeconomic status, and divide people's socioeconomic status 7 The house price is crawled from Lianjia (lianjia.com), one of the most famous real estate agency platforms in China. We divide people's socioeconomic status into three categories: high, medium and low, which is shown in xaxis. Left: browsing behavior; Middle: purchasing behavior; Right: the ratio of purchase.
into three rough categories: high, medium and low 8 . Figure 4 shows the results. From the figure, we can see that people with medium socioeconomic status like browsing and purchasing on e-commerce platforms, while people with high and low socioeconomic status are much easier to conduct purchases online.
DO USERS' APP USAGE BEHAVIORS MATTER?
Users have their own shopping behaviors and preference towards the usage of apps on smart phones. Usually, a user's app usage behaviors could well profile and characterize the user. In this section, we will examine whether users' apps usage behavior will influence their shopping decisions. We will first classify all users' app usage behaviors and then check the correlation between app usage behaviors and shopping behaviors. What Apps Do People Always Use? According to a report by Nielsen 9 , users spent most of their time (84%) on smart phones on just 5 non-native apps. The five apps will vary from person to person and show personality of this user. For some user, their top five could include social media or gaming, while others may spend more time in instant messaging.
To this end, we analyze one user's app usage behavior using his five most frequent used ones. However, due to the limitation in data availability, we cannot directly know which apps people are using with users' mobile visiting records, based on the available information concerning the urls of web visiting with domain names. Thus, we need first parse these records with domains names in order to understand the apps people are using.
In total, we obtain 8,898 unique domain names for various apps from 12,385 mobile users. We then cluster these domain names into several clusters using DBSCAN method [8] under the Levenshtein Distances [17] .
The 8,898 domain names are clustered into 393 clusters. We then manually labeled these clusters with the reference to app names in Xiaomi app store, one of the largest mobile app store in China. In this way, we get the apps people use from their mobile internet usage records. Users' App Usage Behaviors vs. Shopping Behaviors. Based on the apps' functionality, we classify all users' apps usage into three categories: Human-oriented apps, Utility-oriented apps, and Entertainmentoriented apps. Human-oriented apps represents apps that serves people's basic needs in daily lives such as "Shopping", "Health" and "Lifestyle", etc. Utility-oriented apps are for utility perspective such as "Travel" and "Photography", while Entertainment-oriented apps included apps for leisure such as "Games". We then check whether people's app usage behaviors will influence their shopping behaviors.
Since JD and Taobao are the two major online shopping platforms in China, we only consider the correlation between users' apps usage behaviors and their shopping decisions on these two platforms. Figure 5 shows the results. From this figure, we can see that users who prefer human-oriented apps are more likely to buy goods online as they pay more attention to "Shopping".
HOW LONG IT TAKES ONE USER TO MAKE HIS DECISION TO PURCHASE?
In this part, we would like to focus on the question regarding "how long it takes one user to buy a product?". For simplicity's sake, we assume that each purchase is independent. That is, a user will start a new purchase only after he ends the last one. Based on our observations, more than 96% of purchases take less than 4 days to carry out, so that we have focused on a 4-day time period before each purchase. We divide the time period into several time frames, namely {0-10m, 10m-30m, 30m-1h, 1h-2h, 2h-4h, 4h-8h, 8h-16h, 16h-32h, 32h-64h, 64h-96h}. We then observed users' browsing records in each time frame. For this study, we only consider the largest two shopping platforms -Taobao and JD. Time for Decision Making. Fig. 6 shows users' page visiting counts in each time frame. From the figure we can see that when people shop on Taobao, they visit the shopping pages frequently, which is shortly before each purchase. If a user only browses product pages shortly before his final purchase without any previous visits, we can say that he is quick purchaser as he usually spends little time on thinking about the purchase. However, when shopping on JD, Shandong users tend to make quick decisions, whereas Shanghai users tend to spend more time thinking about their shopping purchases.
Group of People that Have Similar Shopping Decision Making
Behaviors. We know that some users are quick to make purchases while others need more time to think about their purchases. For sellers, this information can assist them in further developing more personalized marketing strategies.
According to our observations, the consumer is apt to visit a webpage more frequently, the closer he is to making a final purchase. In order to explore this feature more closely, we divide the 4-day time period into the following time frames in an exponentially increasing manner {0-10m, 10m-20m, 20m-30m, 30m-40m, 40m-50m, 50m-1h, 1h-2h, 2h-4h, 4h-6h, 6h,12h, 12h-18h, 18h-24h, 24h-36h, 36h-48h, 48h-60h, 60h-72h, 72h-84h, 84h-96h}. Drawing on these browsing behaviors in each time frame, we can cluster users into several groups. We use K-Spectral Centroid (K-SC) clustering algorithm [29] and set the number of cluster as 4. Fig. 7 illustrates these clusters.
As illustrated in the figure, the vast majority of users tend to visit selected pages for 30 minutes before a final purchase. This makes sense since we often check the status of a product before a final order is placed.
The four types of users are as follows: Type I -users will browse the pages for less than 30 minutes before a purchase. We refer to these users as quick purchasers. Over 60% of users are such "quick purchasers".
Type II -users will sporadically keep returning to shopping pages, as they have a hard time during making decisions. We refer to these users as "hesitant users".
Type III -users generally browse the pages for 12 hours before their purchase, so that we might assume that they spend about half a day to make a decision. We refer to these users as "short-term decision-makers".
Type IV -users who need nearly 4 days to make a decision, thus we refer to them as "long-term decision-makers".
Among all 4 types, quick decision-makers comprise the largest group, which is around 60% of users, followed by hesitant users, which comprises about 20% of consumers. The remaining 20% of users belong to either of the other two user types. These four clusters of users and their distribution is summarized in Table 3 .
ARE CONSUMERS LOYAL?
Many users choose to visit their preferred shopping platforms and do not want to try others, while other users will move across different platforms to search for the best deals. If users continually visit their preferred shopping platforms, we refer to these users as loyal users. In this section, we will answer the question "Are users loyal to certain shopping platforms and to which extent?". In other words, to which extent do users use the same shopping platform [32] , an efficient solution to one of the extension problems of frequent pattern mining at linear time with low memory, we are able to discover high-utility itemsets (i.e., group of items) in our mobile shopping transaction data containing utility information. The utility information usually refers to quantities and unit price for each item.
In this case, we consider browsing and purchasing behaviors as items with quantities, and the unit price for each item is the same. That means, it was possible to determine multiple behavior patterns which occurred most often. Table 4 shows the results. We list the top 12 behavior patterns that users tend to exhibit. From the table, we can see that most users remain on the same platform, which demonstrates a certain amount of loyalty to certain shopping platforms. In addition, some users will browse shopping pages without purchasing anything, especially on JD and Taobao. There are also plenty of users who browse pages across multiple platforms to select the best products. Are Users Loyal to Shopping Platforms? Due to the existence of numerous online shopping platforms, people now have multiple choices and would either choose different shopping platforms due to complex reasons, such as nice price, good service and sales or just stay in one platform. Here we will look from the distribution of how many shopping platforms a user will use to simply answer the question whether users are loyal to shopping platforms first.
From Figure 8 , we can see that around 67% users only visited one shopping platform in about one week, which also shows users' loyalty to shopping platforms to some extent. To Which Extent Are Users Loyal to Shopping Platforms? From the previous subsection, we know that to some extent users are loyal to shopping platforms. But the degree of loyalty to these platforms is still unknown. In order to answer this query, we will attempt to build a model to calculate users' loyalty to shopping platforms. Oliver [21] defines brand loyalty as "a deeply held commitment to re-buy or re-patronize a preferred product/service consistently in the future, thereby causing repetitive same-brand or same brandset purchasing, despite situational influences and marketing efforts having the potential to cause switching behavior. " Thus we consider two types of loyalty during the whole process according to this definition. Firstly, a user's browsing loyalty for each purchase. Before each purchase, a user is free to browse pages on any platform. The browsing loyalty refers to whether a user will only browse a single platform for a purchase or whether a user may move across different platforms to search for the best deals. Secondly, a user's purchasing loyalty in all his purchases, that is to say, whether a user would buy products on the same platform, or whether a user will buy goods from different platforms, such as on Taobao the first time and later place his order on JD.
In order to model a user's browsing loyalty, we consider the pages a user visits during a purchase. We denote p in as the probability that a user is browsing on the platform i for the purchase n, whereas p i can be calculated directly from a user's browsing history. With respect to a user's purchasing loyalty, we denote q i as the probability that a user purchases on the platform i. As a result, we can define user loyalty L to shopping platforms as follows:
where n means the nth purchase, N is the total number of purchases a user has and i is the platform the user makes his purchase on. For example, if a user has two successful purchases, he made the first purchase on Taobao and the second one on JD. For the first purchase, he browsed 10 shopping pages in total, among which he browsed 2 pages on Taobao. For the second purchase, he also browsed 10 pages and 4 pages on JD. So his loyalty is 1/2 * (0.5 * 0.2 + 0.5 * 0.4) = 0.15.
We consider two extreme cases to validate our model. In the first case, we presume that a user is quite loyal to one shopping platform and that he carries out all his browsing and purchases on the same platform. Thus, his loyalty is 1. In the second case, we presume that a user carries out 5 successful purchases, once each on the platforms mentioned above. For each purchase he browsed 10 pages, but only 1 page on the platform where he made his purchase. Thus his loyalty is 0.2 * (0.1 * 0.2) * 5 = 0.02, which is quite low. This confirms our assumption.
According to the loyalty definition, we calculate all users' loyalty in our data. We find that more than 99% of users are loyal with loyalty greater than 0.99.
THE PREDICTABILITY OF CONSUMERS' PURCHASING BEHAVIORS
Experimental Setup. In this section, we explore whether the consumer's shopping behaviors are predictable. From previous sections, we have known that most of the users are loyal to the platforms they visited. We can see in Fig. 8 that around 67% users have only visited one platform. In other words, if we assume that one user would choose to use the most frequent visited platform, we can get the prediction performance with accuracy up to at least 67%. Could the consumer behaviors be better predictable? With characteristic that lead to consumers' purchase learned from previous sections, we build a prediction model to predict which platform a user would like to purchase on at certain time in this section.
Our problem can be formalized in the following way: Given a number of users who have scanned or purchased in shopping platforms such as "Taobao", "Jingdong", "Dangdan", "Suning", "Vip", we have all their past browsing and purchasing records, our goal is to predict which platform the user will use next time to make his purchase?
To address this issue within our dataset, we extract 265,619 records for more than 65,000 users from Apr. 20, 2016 to Aug. 14, 2016. After eliminating the records with no purchases or only with one purchase, we get a sample dataset that contains 102,517 records of 12,384 users.
We randomly select half of all users as training and validation set, which uncovers the most suitable experimental parameters shown in Table 5 . We then use the rest half of the users as a test dataset. That is to say, there are 6,192 users in the training set, and the left 6,192 users in the testing set for all experiments.
We have utilized Weka and Tensorflow to train and predict using following algorithms: J48 (C4.5), RandomForest, NaiveBayes, SVM and Long Short-Term Memory (LSTM) Network. All experiments are performed on a PC running ubuntu 16.04 with an Intel Core i5 CPU (2.8GHz) and 8GB memory. Features. The features used in our model are extracted based on the observations from previous sections. They can be summarized as follows, which can be divided into four types of features.
Temporal feature: We build a temporal feature to show the time correlation. In practise, we split a day into three periods: sleeping hours (1am -9am), active hours (9am -5pm) and spare hours (5pm -1am). Then we consider users' scan and purchase behaviors in each periods as features. Figure 9 : Factor contribution analysis. X-axis represents the four types of features we considered in our prediction framework. Y-axis means the prediction performance.
Loyalty feature: We construct a loyalty feature follows Equ.(1) as described in Section 7. Profiling feature: We extract the most frequently used apps to profile users' usage behaviors, and use them as profiling features. In practice, users' usage behaviors have been classified into three categories: Human-oriented, Utility-oriented and Entertainment-oriented. Demographic feature: We consider users' demographic as one feature, such as his location.
Prediction Performance. The prediction results are shown in Table 6. As we can see, all tested algorithms perform similar performance with F1 score higher than 0.9, which shows that consumers' crossplatform shopping behaviors are predictable and our prediction performance is sound (far better than random guess).
We examine the contribution of four types of features and check each features' prediction power separately. Figure 9 shows the results. We can see from the figure that temporal feature has the strongest prediction power. 
RELATED WORK
In the past few years mobile phones have witnessed a remarkable evolution and explosive popularization [22] . Meanwhile, ecommerce also has a prosperous development and drastically changed traditional commercial relationships, as well as the shopping process for the fast-growing online shoppers [3] . With a smart phone at hand, the consumer can check the details of products, compare the prices across various e-commerce platforms, save items into charts and enjoy a great many benefits such as personalization from merchants and recommendation from social networks [4, 10, 16, 31] . At the age of information explosion, the complexity of users' online behaviors is increasing while understanding the targets and preferences behind a user's online behavior can provide valuable information for content providers, such as improving user satisfaction by personalizing their contents in search engines and e-commerce web sites [5, 6] . Understanding the consumer buying process can make a difference between success and failure in consumer marketing strategies [26] . On the basis, e-commerce companies can improve their service quality to keep competition ability. There is plenty of work investigating factors that contribute to successful purchasing results, such as motivation [20] and demographics (e.g. gender, age and residence) [12, 14, 23, 24] . One important research issue is to identify consumers' purchasing intentions from multiple datasets, such as web search contents, social network posts and mobile data cookies. Early researches focused predominantly on identifying web search goals in order to derive commercial information. Dai et al. [6] focused on users' commercial intention from search queries and webpages, i.e., when a user submitted a query or browsed a webpage, whether he/she was about to commit or in the middle of a commercial activity, such as purchase, auction, selling, paid service, etc. Guo et al. [9] proposed an improved method for the detection of a searcher's intention and studied an important practical application -predicting ad clicks for a given search. Guo et al. [10] studied the relationship between social networks and consumer behavior in order to know how individuals' commercial transactions were embedded in their social graphs. Zhang et al. [31] provided an extensive analysis on how users' Facebook profile information correlated to their purchases on eBay, and analyzed the performance of different feature sets and learning algorithms for the task of purchase behavior prediction.
Most previous researches only focused on single e-commerce platform [31] . However, users usually choose to move across various e-commerce platforms to compare the quality, price and service etc. to make their best choices [27] , which haven't yet been well explored. The dramatic increase in mobile datasets provide new potential in identifying consumers' purchasing intentions and modelling their behaviors. One related work is [18] , where Caroline et al. performed a large-scale cross-platform longitudinal study of user purchase intent and how it evolved. More specifically, the authors tried to understand consumer behaviors leading to successful purchasing across different platforms. However, as the dataset they used was entirely based on Pinterest -a content discovery application which allows users to share their shopping fruits on Pinterestrather than real-world e-commerce platforms, their study may not directly reflect the users' shopping behaviors and therefore reflect biased results, since not everyone is willing to share with others all his shopping behaviors and fruits.
Moreover, users' profiles such as their culture, social and ethical would also influence their behaviors [26] . Researchers pay more attention to users profiling [2, 7, 11, 13, 31] and apply them in many areas, such as personalization and recommender systems [1, 15, 19, 25] . In this paper, we will also consider whether users' app usage behaviors would influence their shopping decisions.
To the best of our knowledge, our study is the first one to explore real-world consumer behaviors across diverse e-commerce platforms in depth to identify users' commercial intention and purchasing patterns. We take telecom mobile usage data as our source dataset which comprises comprehensive records of users' shopping platform usage. By analyzing this data, we are able to analyze users' online shopping behaviors across different e-commerce platforms.
CONCLUSIONS
In this paper, we conducted a comprehensive study on cross-platform mobile shopping behaviors using a real-world, large-scale mobile dataset. We found that most people are loyal to the shopping platforms they visit and they do not move across platforms to select goods they want to buy. In addition, most people are quick purchaser who complete a purchase in less than 30 minutes after first browsing for the item of purchase. Besides, with the patterns learned from this paper, we examine the predictability of users' shopping behaviors on multiple platforms. These findings could provide useful insights for future e-business strategies.
To the best of our knowledge, this is the first work studying cross-platform consumer behavior in depth. Future studies could analyze users' social relationships and how they influence users' shopping decisions.
